Abstract Quantitative structure-activity relationship (QSAR) analyses were performed using the LD 50 oral toxicity data of per-and polyfluorinated chemicals (PFCs) on rodents: rat and mouse. PFCs are studied under the EU project CADASTER which uses the available experimental data for prediction and prioritization of toxic chemicals for risk assessment by using the in silico tools. The methodology presented here applies chemometrical analysis on the existing experimental data and predicts the toxicity of new compounds. QSAR analyses were performed on the available 58 mouse and 50 rat LD 50 oral data using multiple linear regression (MLR) based on theoretical molecular descriptors selected by genetic algorithm (GA). Training and prediction sets were prepared a priori from available experimental datasets in terms of structure and response. These sets were used to derive statistically robust and predictive (both internally and externally) models. The structural applicability domain (AD) of the models were verified on 376 perand polyfluorinated chemicals including those in REACH preregistration list. The rat and mouse endpoints were predicted by each model for the studied compounds, and finally 30 compounds, all perfluorinated, were prioritized as most important for experimental toxicity analysis under the project. In addition, cumulative study on compounds within the AD of all four models, including two earlier published mod- els on LC 50 rodent analysis was studied and the cumulative toxicity trend was observed using principal component analysis (PCA). The similarities and the differences observed in terms of descriptors and chemical/mechanistic meaning encoded by descriptors to prioritize the most toxic compounds are highlighted.
Introduction
In recent years, the concept of 'benign by design' has been stressed by the regulatory agencies [1] [2] [3] which require chemical manufacturers to use environmentally safer chemicals. However, replacing chemicals already available on the market, with an equally useful, but "green" compound, is a daunting task. The goal is to design novel and benign compounds, with better chemical and physical properties, starting from the early stage of synthesis. New chemicals with better chemical and mechanical properties must also be tested for environmental pollution and animal toxicity. To achieve this goal chemical, structural, and toxicological information of the studied compounds can be referenced, while the toxicity of newer compounds, for which no data is available, can be predicted. A useful in silico tool for designing safer alternatives [4] [5] [6] which is also recommended by regulatory agencies like EU-REACH, 1 is Quantitative StructureActivity Relationship (QSAR). QSAR has helped to efficiently design chemicals [7] [8] [9] while also prioritizing [10, 11] and making prediction about chemicals [12, 13] . Here, QSAR was used to determine the relationship of the structure of perand polyfluorinated chemicals with their relevant toxicities. The EU-FP7 project CADASTER 2 [14] studies such chemicals, and aims to provide practical guidance to integrate risk assessment by demonstrating how to increase the use of predictive information for regulatory decision, while still meeting the challenges of quantifying and reducing uncertainty.
Perfluorinated chemicals (PFCs) consist of long fluorinated carbon chain (C4-C16) in linear or cyclic form. These chemicals are distributed throughout the environment [15] , due to their widespread use in a variety of household and industrial products [16, 17] . The estimated global production of some PFCs like Perfluorooctanoic acid (PFOA) and its emissions were in the range of 4,400-8,000 tons and that for perfluorooctane sulfonates (PFOS) fluoride, a precursor of PFOS, from 1985 to 2002 by a single company, was 13,670 tons [18, 19] . These chemicals, whether fully or partially fluorinated, are used as surfactants, cleansers, fire-fighting foams, oil repellants, etc. [20, 21] for their properties of inertness, resistivity, and stability which are useful for producing durable and advanced materials. However, the inertness and mechanical stability of these chemicals hinders the bio-degradability while promoting accumulation in land, air, and water resources [22] [23] [24] . The partitioning and migration of PFCs [25] in air and water from one entity to another called 'hopping,' are also found to be important in the spread of these chemicals throughout the globe [26] [27] [28] . Continuous exposure to these chemicals causes bio-accumulation in humans [29] and wildlife [30] ; ultimately they cause toxic reactions including protein dysfunction [31] and effects on liver enzymes and blood lipids [32, 33] . The recent research studies have projected PFCs as the cause of death [34] . Most of these chemicals are classified as 'emerging pollutants' with their environmental and toxicological effects slowly being revealed in literatures [30] [31] [32] [33] . Currently, some of these longchain PFCs like PFOSA are restricted from further use [35] or like PFOA are significantly less produced [36] , but there are still more than 650 PFCs, linear and cyclic, that are found in ECHA preregistration list as Substances of Very High Concern (SVHC) [37] . Experimental data for these compounds are not available or are proprietary and a need to use the existing available data to predict the activity of these compounds is necessary.
In this report, a dataset of oral lethal dose 50% (LD 50 )-the calculated dose of a substance expected to cause the death of 50% of experimental animal population, in mg/kg body weight, was compiled for both short-and long-chain PFCs, on two species of rodents-rat and mouse. The oral exposure analysis was selected because it is an important indicator of food, occupational or accidental domestic poisonings. QSAR was then used to model available data and predict the oral LD 50 toxicity of other chemicals, including those listed as SVHC for which toxicity data are not available. The models obtained which best describe the structure-toxicity relationship as well as the similarities and the differences observed in two species of rodents are discussed. Principal Component Analysis (PCA) was then used to select most toxic compounds from those within the structural applicability domain (AD) of both the models on two species, which will be further subjected to experimental test under the CADASTER project. A prioritized list of toxic chemicals, pertaining to LD 50 oral toxicity among available compounds, is proposed using both statistical and chemometric approach.
A QSAR study on LC 50 inhalation data of PFCs was previously published [4] ; combining with the result of current LD 50 oral study, a joint toxicity analysis of two different end-points on rodents is performed. The QSAR models, the prediction results, and consensus prioritization of hazardous PFCs are presented here.
Materials and methods
The experimental data on rat and mouse LD 50 oral toxicities were collected from ChemID plus [38] . The reported mg/kg data were converted into the mmol/kg and expressed in inverse log unit for modeling which are represented as pLD 50 . Data cross-checking and exclusion of ions, hydrates, dimers, and complex mixtures resulted in 58 compounds for mouse oral and 50 compounds for rat oral data. Some of the most important PFCs as Li+, Na+, K+, and NH 4 + salts had to be discarded in the preparation of the dataset due to lack of computational tools for minimization of ions and descriptor calculation. The collected compounds were drawn in 2D using SMILES [39] and minimized to their lowest energy conformation using HYPERCHEM [40] first by using molecular mechanics MM+ and then by using semiempirical AM1 methods. The 0D-3D theoretical molecular descriptors were then calculated from the 3D structures using DRAGON software [41] . These descriptors belong to many classes like constitutional, topological, walk and path counts, connectivity index, information index, 2D autocorrelations, Burden eigenvalues, topological charge index, eigenvalue-based index, Randic molecular profiles, geometrical, WHIM, GET-AWAY, functional group counts, atom-centered fragments, charge, molecular properties, 2D Binary and 2D frequency fingerprints [42] . These molecular descriptors were used to model input variables; allowing the possibility of capturing all the relevant structural features related to the response. Constant values and descriptors, found to be pairwise correlated by greater than 95%, were excluded, minimizing the redundant information. The reduced set of more than 600 descriptors in each set was subjected to variable selection method using Genetic Algorithm (GA) [43] .
In order to externally validate the models and to verify that the selected modeling variables will be unbiased of structure and response value [44] , the experimental dataset was split a priori into training and prediction set by using (a) Kohonen map-artificial neural network or self-organizing maps (SOM) and (b) by Random selection through activity sampling. The principal components, based on the molecular descriptors, were used to develop a Kohonen map, and the clustering capability of SOM was used for selection of a meaningful training and representative prediction set. This splitting is used to capture the difference in the structure of the molecule and to guarantee that the chemical domains in the two sets are not too dissimilar. A parallel splitting was carried out by random selection through activity sampling, by ordering the chemicals according to their descending experimental values, selecting the most and the least active in the training set, and taking every nth chemical from the set to be used as a prediction set. This splitting is guided by the response of the molecule. These two splittings were used to develop and identify a statistically robust final model with common set of descriptors, based on both the training sets, which will be used to check the model predictivity of both the prediction sets. The prediction set was thus used only after model development for external validation. The final model developed will be unbiased of structure and response, and will be predictive independent of the splitting criteria. The splitting methods used 26-37% splitting as given in the corresponding tables for rat and mouse dataset.
Multiple linear regression (MLR) analysis using the Ordinary Least Squares (OLS) method was performed by using the Moby Digs software [45] to model the activity. Genetic Algorithm (GA) helped to extract the best set of molecular descriptors, among the input set, which were in combination the most relevant variables in modeling the response [46] . All subset-procedure method allowed the exploration of all the low dimensional combinations, until two variable models were achieved for a single population. Then GA was used to select and add new variables by a mechanism of reproduction/mutation until several models were developed till 4 descriptors. Then, starting from the obtained combinations, 100 different models of different dimensionality were selected and ordered according to their decreasing internal predictive performance verified by the cross-validated correlation coefficient R 2 CV or Q 2 LOO (leave-one-out). The choice of best model was made by a strong verification of both the internal predictivity (by Q 2 BOOT ) and the external predictivity (Q 2 Ext ) on prediction set chemicals which were not used in the model development [44] . Two different Q 2 Ext were used: Q 2 F1 -based on the averaged value of the dependent variable for the training set; and Q 2 F3 -referring to deviations of observed values from the training set mean over the training set [47] . Standard error of estimate(s) and coefficient of determination (R 2 ) are also reported for each model.
The QUIK rule (Q Under Influence of K) [48] was applied as a fitness function for regression models to avoid multicollinearity, chance correlation with or without "apparent" prediction power (due to chance correlation) [49] . The acceptable models were only those with a global correlation of [X +Y ] block (K XY ) greater than the global correlation of the X block (K X X ) variable, X being the molecular descriptors, and Y the response variable. Several different validation methods were calculated for the models such as Y-scrambling (R 2 Y S -randomly reordered Y-data) to negate chance correlation, RMSE (Root Mean Squared of Errors) for training (RMSE TR ) and prediction (RMSE EXT ) to summarize the overall error of the model.
The QSAR models developed were verified for their applicability with regard to the chemical domain, to produce reliable predicted data for chemicals which are structurally similar. A Williams plot (not presented here) was used to verify the presence of response outliers (i.e. compounds with cross-validated standardized residuals greater than three standard deviation units, ±3σ ), and chemicals very influential in determining model parameters (i.e. compounds with high leverage value (h)) (h > h * , the critical value being h * = 3 p /n, where p is the number of model variables plus one, and n the number of the objects used to calculate the model).
The leverage approach was applied to define the chemical domain of each model and was used as a quantitative measure of the model structural AD suitable for evaluating the degree of extrapolation. It represents a sort of compound "distance" from the model experimental space to check if the compound is within the domain of the model. The predicted data of these compounds are interpolated if they are within the AD of the model and can be trusted, but if they are outside the domain, with a high leverage value, the predicted values are less reliable.
Results and discussion
The focus of this research is using information found in the structure and toxicological properties of available PFCs, to predict the toxic properties of "similar" chemicals for which no toxic data is available, by developing local QSAR models. Thus, the selection of best models was also guided by the fact that the combinations of descriptors represent the structural diversity of PFCs.
Mouse LD 50 oral modeling QSAR models on mouse oral LD 50 data of 58 PFCs resulted in 100 models each for SOM splitting and Random splitting. The common set of descriptors which was observed in both the splitting-based regression models appeared robust, predictive, and was applicable in the full dataset (Table 1,  Mouse) .
The best regression model based on its applicability to short-and long-chain PFCs with descriptors arranged in decreasing order of significance according to standardized coefficient values is given as Eq. 1. Response outliers were checked for both splitting by using Williams plot, and none of them were found outside for a standardized residuals greater than three standard deviation units, ±3σ . None of the compounds were observed as structural outliers (high leverage compounds).
Mouse pLD 50 
Rat LD 50 oral modeling
Similarly for rat LD 50 data of 50 PFCs, a common set of descriptors was selected by GA for both the splitting criteria among 100 different models developed for each set. The full model, irrespective of the splitting criteria with descriptors arranged in decreasing order of significance is given as Eq. 2. The full model was predictive internally and externally in both the splitting (Table 1 , Rat). Response outliers were checked by using Williams plot (not given here) and for the response split set CAS 376-18-1 was found beyond ±3σ and for SOM split set no response outlier was found. Instead, two structural outliers that were beyond the average HAT cut-off of 0.42 were present. They were CAS 311-89-7 of prediction set and CAS 335-76-2 of training set. Experimental versus predicted data plots, of both mouse and rat inhalation LD 50 data for SOM split, are given ( Fig. 1) to compare the distribution of the training and test set compounds. The proposed models have good internal and external validation. The models were checked by two different splitting criteria, a priori, based on SOM and Random by activity sampling method; thus they are without any bias caused by structural similarity and/or response activity. 8.03
cv Cross-validation The same combination of descriptors for both splitting-based models guaranteed the similar good performances and validity of the particular combination of structural information in the studied response, regardless of the composition of the training sets. Thus, the predictions based on the full models with all the available information are reliable. Then the structural applicability of the model on the chemicals without experimental data and the reliability of prediction were verified by the leverage approach. The development of robust and predictive models with well-defined AD, following the OECD principles [50] will be useful in predicting the toxicity of novel chemical and in the design of better chemicals but may possess toxic activity or are environmentally incompatible. These models are applicable to a larger set of PFCs without any data, from which prediction will be made with the reliability being verified by their AD study, and finally the models will be used for the prioritization of the chemicals for CADASTER project.
Interpretation of models
The descriptors observed in the QSAR models pertaining to mouse and rat data have explained the structural aspects behind the LD 50 toxicity of the PFCs. They might help in identifying the characteristics of compounds influential for toxicity [4, 6] and in categorizing compounds including their classification and labeling for risk assessment. The descriptors and their chemical meaning are given below. The numbers in parentheses, after the descriptor's symbol, are standardized coefficient values which help to assess the importance of descriptors observed in the model.
The most important descriptor for mouse LD 50 oral model was HATS2u (−0.589)-a 3D GETAWAY descriptor encoding leverage-weighted autocorrelation of lag 2/ unweighted-and it appeared negative. This descriptor encodes information on the effective position of substituents and fragments in the molecular space [51] . In addition, 2D binary and frequency finger-print descriptor representing the presence and the frequency of a defined atom pair at a given topological distance 'n' were observed. These descriptors give information about the constitution of compounds of which the descriptor representing the presence of For the rat LD 50 oral model, topological 2D descriptor D/Dr09 (0.765), distance/detour ring index of order 9, was found to be most important, followed by 2D Moran autocorrelation descriptor MATS1e (0.331) representing electronegativity. The third most important descriptor was E1u (0.316) a 3D descriptor corresponding to first component accessibility directional WHIM index (unweighted), representing information regarding the quantity of unfilled space per projected atom [52] and ultimately by H8m (0.294) 3D GETWAY descriptor representing H autocorrelation of lag 8 (weighted by atomic mass). The increase in molecular mass increases the value of H8m descriptor, and an increase in polycyclic rings increases the value of D/Dr09.
Structural applicability domain (AD) of the models
The descriptors obtained in the final models were used to check the structural AD of the individual QSAR model developed for rat and mouse oral LD 50 toxicity. Not even a robust, significant, and validated QSAR model can be expected to reliably predict the modeled property for the entire universe of chemicals. In fact, only the predictions for chemicals falling within this domain can be considered reliable, as they are interpolated, and those compounds outside the domain are less reliable as they are extrapolated [44, 46] .
The structural AD study of mouse and rat oral data was studied on 376 common compounds with or without data. The list of compounds with their CAS is given in Table  S1 . The hat value was plotted against Y-predicted value for LD 50 endpoint of both the rodent species. The hat cut-off values for the mouse model was at 0.259, and based on this cut-off, there were 34 compounds which were out of the domain (high leverage) of mouse model (90.9% coverage). Out of them, one compound CAS 421-14-7 (174) CF 3 -OCH 3 had very high leverage value, excluding which the leverage plot is given in Fig. 2 (top) with average hat value represented as a vertical line. The group of compounds which are grouped at the hat = 0.55 in Fig. 2 are chlorofluoro or bromofluoro ethane. The chemical representation of the 28 compounds which are out of domain is given in Supporting Information (Fig. S1) .
The average hat value for rat oral data was at 0.30 and based on this cut-off, 62 compounds were out of domain (83.5% coverage) out of which six compounds were found to be of very high leverage value two >14C long perfluorinated Iodine compounds (CAS 355-50-0, CAS 29809-35-6), two polycyclic perfluorinated compounds (CAS 662-28-2, CAS 307-07-3) and 2 inorganic compounds (CAS 7637-07-2 (BF 3 ), CAS 7790-91-2 (ClF 3 )). Excluding these, the lever- age plot showing 56 out-of-domain compounds are seen at the bottom of Fig. 2 . Out of the common out-of-AD compounds in both the rodent study, 22 compounds are found to be common in both the sets which are depicted in Supporting Information (Fig. S2) .
Toxicity trend
To understand the toxicity trend common to both the species of rat and mouse, the toxicity values (both experimental and predicted ones) were combined (Fig. 3) . The PCA was performed on both experimental and predicted LD 50 data on 307 compounds (shown as an empty triangle) which were within the AD of both the proposed models, and among them 13 common compounds (shown as filled triangles), with available experimental LD 50 oral data for mouse and rat, can be found scattered in the plot. In addition, one more compound-CAS 335-76-2 with experimental data for both the end-points, but out of AD of rat LD 50 model-was included, making the total number of compounds 308 with the total number of common compounds with experimental data as 14.
In this PCA, the loading lines or end points were oriented in the same direction of high cumulative toxicity of the compounds; 61.4% of the data variance is included in this PC1, which explains the toxicity trend based on both end-points. PC2, which gives the remaining variance totaling up to 100%, is able to differentiate among chemicals with higher toxicity in the rat (upper part) and those with more toxicity in the mouse (down).
Three chemical domains can be seen in the PCA plot given in (Fig. 3) . The top right domain is comprised of fluorinated benzimidazole compounds, out of which #97 (CAS 399-69-9) is 2,5-bis(trifluoromethyl)-benzimidazole. The availability of toxicity data and the structural representations of these compounds was considered useful to understand the toxicity in terms of fluorine substitution at multiple position of benzene ring. The bottom right domain comprises perfluorinated compounds which also includes the most studied PFC: perfluorooctane sulfonoic acid -PFOSA (CAS 1763-23-1). In addition, compound #34 -Perfluorodecanoic acid (CAS 335-76-2) is prioritized to be toxic. The group of compounds close to the center of PCA axes are predicted to be neutral, which includes PFOA (CAS 335-67-1) .
The PCA plot of chemicals, represented by their cumulative toxicity data on rat and mouse, helps to identify the most common toxic compounds within the AD of the QSAR models. The compounds beyond the arbitrary cutoff of PC1 = 1.25 were predicted to be most toxic, based on the descriptors observed in the QSAR models developed from the available experimental data. The 48 compounds, most of them linear PFCs, were found beyond the cutoff, including fluorinated benzimidazole and dinitro-benzenamine. Out of them 30 long-chain PFCs (Supporting Information, Fig. S3 ), which are of major interest in the CADASTER project, are proposed for further experimental design on toxicity studies. 50 and oral LD 50 The mouse and rat oral and inhalation toxicity data were combined and studied to understand the toxicity of PFCs on rodents and for cumulative prioritization of highly toxic PFCs. It was found that there are 14 compounds in LD 50 oral, 28 compounds in the LC 50 inhalation and only five compounds common for all four end-points with experimental data. In the previous study of LC 50 inhalation data [4] on rodents (rat and mouse), there were 28 compounds, mostly linear PFCs, which were prioritized for their high toxicity including the two most studied PFCs: PFOA and PFOSA. Current study on LD 50 oral data on rodents prioritized 30 linear chain PFCs to be highly toxic beyond the same cut-off of PC1 = 1.25 (Fig. 3) . Out of those, three compounds were prioritized to be highly toxic in both PCA analyses: CAS 559-11-5, CAS 1763-23-1 (PFOSA), CAS 17527-29-6. The direction toward the toxicity trend was found to be similar between LC 50 inhalation and LD 50 oral data of rodents as well as the position of the representative toxic compounds of PFCs like PFOA and PFOSA that were found towards increasing toxicity of chemicals (towards the right side).
Combined toxicity analysis between inhalation LC
Furthermore, to understand the contribution of each toxicity end-points and the mutual effect of rodent toxicity, all the four models were applied individually to a combined data set of 376 compounds, obtaining predictions for unknowns. The compounds were checked for the structural AD in each model, and 204 compounds were found to be within the AD of all the four models. In addition, 25 compounds for which the experimental values on rodent toxicities are available and some most commonly known alkylated PFCs were included, and a PC analysis on all endpoint has been performed (Fig. 4) .
The combined PCA plot shows similar results as the individual plot on rodents oral and inhalation, including the direction of the loading lines, and the position of PFOA and PFOSA along with some other PFCs. The loading lines for rat oral was forced towards higher PC2 value because of some peculiar fluorinated benzimidazole also evident in rodent oral plot in Fig. 3 and short-chain halogenated ethane-like compounds seen as a group at coordinate (1.5PC1, 2.5PC2) and (-2.0PC1, 2.5PC2), respectively. The structural depiction of some of the long chain PFCs prioritized as highly toxic which are within the AD of both mouse and rat LC 50 inhalation and LD 50 oral models beyond PC1 cut-off of 1.25 are given in Fig. 5 .
Furthermore, in the case of toxicity studies pertaining to two species and their corresponding two endpoints, the comparison among similar descriptors highlights the common properties influencing the overall toxicity of the compounds. Although the descriptors selected are influenced by the training set composition and are guided by the presence or absence of certain substituents or functional groups in the chemicals, they could highlight some important properties typical of PFCs. The negative hydrophobicity (M log P) seen in rodents' inhalation models, the positive electronegativity (Jhetv, X3v and MATS1e) seen both in inhalation and oral models indicates that the toxic PFCs predicted by the model Fig. 5 Structural depiction of some of the long chain PFCs prioritized as highly toxic which are within the AD of both mouse and rat LC 50 inhalation and LD 50 oral models beyond PC1 cut-off of 1.25 
are less hydrophobic and more electronegative. Also, the fingerprint-based descriptors observed in rodent oral models represent the position and the frequency of atom pairs like C-C, C-F, and C-O that accounts for the increase/decrease of the toxicity depending on positive/negative influence. These simple descriptors help to highlight the chemical and mechanistical meaning of the descriptors in terms of the functional groups of long-chain alkylated PFCs (Table 2) . Moreover, the negative correlation of hydrophobicity, for rodent inhalation, in terms of toxicity of a chemical, contradicts with the general trend where increase in hydrophobicity helps to partition the chemical into the body tissues. However, the chemical properties of PFCs are different; they behave as surfactants and experimental tests show they tend to aggregate at the interface of a liquid-liquid system. Thus, M log P could be a problematic parameter to be directly linked to the assessment of toxicity of PFCs as also pointed out by other researcher [53, 54] in terms of bio-accumulation studies. However, the combinations of M log P with other descriptors were able to define the relationship between the rodent inhalation toxicity and provide the toxicity trend in accordance with the experimental data available for most common PFCs like PFOA and PFOSA. Also, the negative coefficient observed for calculated hydrophobicity term may indicate that PFCs, in biological system, have different mechanisms of incurring toxicity which cannot be attributed to their hydrophobicity.
Conclusions
The details about the QSAR modeling of LD 50 oral data on rodents, the modeling descriptors, and the chemicals prioritized for their higher toxicity were presented. The 30 PFCs that have been prioritized were further subjected to experimental tests under the CADASTER. The results were compared with the earlier published QSAR study on rodents' LC 50 inhalation and the similarities and differences are observed. In addition, the relationship between the common toxic patterns of rodents for PFCs based on the descriptors obtained from each QSAR models was studied. It shows the importance of negative hydrophobicity and positive electronegativity for the overall toxicity of PFCs for rodents. Finally, a combined PC analysis of 204 PFCs within the structural AD of all the four models and some most common alkylated PFCs were performed, and the cumulative toxicity trend was suggested highlighting the most common toxic chemicals.
Another important output of this work is the use of such models as a preliminary tool for calculating the bioactivity of per-fluorinated chemicals and finding the most toxic chemicals for the experimental design for CADASTER partners. Additionally, the presented models will help to calculate the toxicity profiles of untested molecules and will help to fill the data gaps that exist in risk assessment. The result demonstrated the use and importance of predictive QSAR models, also requested by REACH, to reduce animal testing which further highlights the importance of QSAR for REACH.
